A method (three-dimensional position-speci®c scoring matrix, 3D-PSSM) to recognise remote protein sequence homologues is described. The method combines the power of multiple sequence pro®les with knowledge of protein structure to provide enhanced recognition and thus functional assignment of newly sequenced genomes. The method uses structural alignments of homologous proteins of similar three-dimensional structure in the structural classi®cation of proteins (SCOP) database to obtain a structural equivalence of residues. These equivalences are used to extend multiply aligned sequences obtained by standard sequence searches. The resulting large superfamily-based multiple alignment is converted into a PSSM. Combined with secondary structure matching and solvation potentials, 3D-PSSM can recognise structural and functional relationships beyond state-of-the-art sequence methods. In a cross-validated benchmark on 136 homologous relationships unambiguously undetectable by position-speci®c iterated basic local alignment search tool (PSI-Blast), 3D-PSSM can con®dently assign 18 %. The method was applied to the remaining unassigned regions of the Mycoplasma genitalium genome and an additional 13 regions were assigned with 95 % con®dence. 3D-PSSM is available to the community as a web server:
Introduction
With more than 300,000 protein sequences in the databases and with many more sequences being determined in genome projects, computational methods are urgently required to suggest structures and functions for the gene products (e.g. see Durbin et al., 1998) . The standard strategy to examine a gene protein sequence is to establish if it is homologous to a protein with a known function and/or structure. Homologous proteins, with their related sequences, will have evolved from a common ancestor, nearly always have similar threedimensional structures, and often have a similar function. However, a difference in activity remains a possibility; indeed, surveys have suggested that around 10 % of remote homologues will have totally different functions (Russell et al., 1998; Hegyi & Gerstein, 1999) . Here, we acknowledge that structural recognition must be considered as only the ®rst step towards functional assignment.
Homologies can be recognised by pairwise searches in which the single sequence of the unknown is scanned against each sequence in a database using programs such as BLAST, FASTA or dynamic programming (for a review, see Durbin et al., 1998) . Marked improvements in detecting more remote homologies (i.e. with less similar sequences) have recently resulted from using PSI-BLAST (Altschul et al., 1997) . In this iterative search method, the unknown sequence is used to identify close homologues that are then aligned to generate a weighted pro®le formalised as a position-speci®c scoring matrix (PSSM) (Henikoff & Henikoff, 1994) . This pro®le is then used to recognise more remote homologues in the database and the procedure is iterated until no further signi®cant hit is found. An alternate sensitive approach is to develop a hidden Markov model from a series of aligned sequences to recognise remote homologues (Durbin et al., 1998; Eddy, 1996; Krogh et al., 1994) . In trials based on recognising remote homologues identi®ed on the basis of similar 3D structure, PSI-Blast and hidden Markov models gave comparable results, which were far superior to single-sequence search methods (Park et al., 1998) . Today, PSI-Blast, which is readily available, fast, and easily maintained and implemented, is widely used to analyse newly sequenced genomes.
In addition to such sequence-based approaches to fold recognition, many groups have developed techniques that incorporate structural information at a variety of levels (for a general review, see Jones, 1997) . These techniques may be broadly classi®ed into two categories. The ®rst is commonly called the pro®le method. Here, each residue in the structure of the template is coded into a vector that contains a ®ngerprint of the structural environment occupied by this residue. With this model, standard dynamic programming algorithms (Gotoh, 1982; Needleman & Wunsch, 1970) can be used to map the target onto the template. This method has been introduced by Bowie et al. (1991) , and effective threading programs based on variants of this method have been proposed Defay & Cohen, 1996 , Russell et al., 1996 , 1998a Elofsson et al., 1996; Rost et al., 1997; Rychlewski et al., 1999) .
The second technique is based on analysing pairwise interactions between structurally adjacent residues in the protein. This turns the problem of fold recognition into the optimisation of a pseudopotential based on the relative attraction of residue pairs (Sippl, 1990; Zimmer et al., 1998) . Several heuristics have been introduced based on double dynamic programming (Jones et al., 1992) , an iterated version of dynamic programming called the frozen approximation (Godzik et al., 1992) , Gibbs sampling algorithms (Bryant, 1996) , and recursive dynamic programming . All of these techniques are powerful but computationally expensive, and this prohibits their application to large genomes. Such pair interactions have been implemented as a post-®lter to avoid such a computational burden but at the expense of some of the power and accuracy of the technique (Jones, 1999a) .
These methods have been successfully used to push structure-based fold recognition beyond the power of single-sequence, dynamic programming searches (Levitt, 1997; Murzin, 1999) . However, in the absence of extensive benchmarking, it is unclear how such structure-based techniques now compare to the improved multiple-sequence-based methods like PSI-Blast, particularly when PSI-Blast is used optimally (Koretke et al., 1999; Park et al., 1998 ).
We present a technique (three-dimensional, position-speci®c scoring matrix; 3D-PSSM) that combines the power of multiple-sequence pro®les as implemented in PSI-Blast with structure-based pro®les; speci®cally, secondary structure and solvation potential. In addition, we present a new structural component of the approach: the use of structural alignments of remote homologues to generate sequence pro®les that are accurately aligned yet more diverse than that achievable with PSI-Blast. This re¯ects our goal of combining multiple sequence information with multiple structure information. We perform a rigorous benchmark of the method against the major strategy in automated genome assignment (PSI-Blast) . Finally, we apply the new technique to the remaining unassigned regions of the Mycoplasma genitalium genome.
Approach Generation of the profile library
The library of known structures is taken from the classi®cation of proteins into homologous superfamilies in the structural classi®cation of proteins (SCOP) database. This classi®cation is based on visual examination of structure/function relationships of proteins with similar folds (Murzin et al., 1995) .
In outline, the 3D-PSSM method (see Figure 1 ) starts with the sequence of a representative parent protein in the library (the master A0). Four types of information are generated for this sequence. These will be discussed below in turn. For technical details, see Materials and Methods.
Generation of a 1D-PSSM
A sequence-based alignment of relatively close homologues to the master can be found using PSI-Blast to generate a 1D pro®le (A0A1A2). From the 1D pro®le, a 1D-PSSM is generated using a standard approach (Altschul et al., 1997) . Such a pro®le is a more powerful representation of the protein than the single sequence alone, as positionspeci®c substitution probabilities can encode ®ner-grained features of the protein in question, as opposed to a generic BLOSUM-style matrix.
Assignment of secondary structure STRIDE (Frishman & Argos, 1995) is used to provide a three-state secondary structure assignment (helix, coil or strand) for the parent protein on a per residue basis. The types, sizes and locations of secondary structure elements are often conserved across a superfamily. This information, coupled with the predicted secondary structure of the query sequence (see below), can assist in the identi®cation of remote homologues in the absence of clear sequence homology.
Assignment of solvent accessibility
DSSP (Kabsch & Sander, 1983 ) provides a measure of the surface area exposed to solvent of each residue in the library template. This value is normalised to percentage accessibility using the exposed area of the same residue type in an extended (GGG-X-GGG) conformation. The general pattern of buried/exposed residues is another feature that is often conserved across a superfamily despite the absence of sequence homology. Using this information together with the propensity for different residues to occupy varying levels of exposure to solvent, the similarity between remote homologues can be better recognised.
Generation of a 3D-PSSM
The increase in the number of experimentally determined protein structures has provided us with many examples of homologous proteins whose relationship cannot be detected by even powerful sequence-based methods such as PSIBlast.
The SCOP superfamily from which this parent sequence (A0) is derived provides us with a further set of protein sequences (B0 and C0) that possess a common 3D structure to the master but need not have any detectable sequence similarity to the parent. This provides us with a rich source of information. B0 and C0 can be used as queries in a PSI-Blast search of the sequence database to generate their own 1D pro®les (B0 B1 B2, C0 C1 C2). This combined set of SCOP superfamily sequences plus their PSI-Blast detectable homologues (A0, A1, A2, B0, B1, B2, C0, C1 and C2) constitutes the entirety of our knowledge of the sequences that possess the same structure as the master.
In the absence of clear sequence similarity, the accurate alignment of these sequences is not possible. However, our knowledge of the structures of these proteins permits us to perform structural superpositions between members of the superfamily. Thus we are able to make accurate equivalences between residues of remote homologues.
Using a hierarchical ordering of the members of the superfamily based on structural superposition, we build up a multiple alignment of all members of a superfamily and their close homologues. The residue-based structural equivalences are then used to align the 1D-pro®le of B and the 1D-pro®le of C to the master pro®le of A and thereby generate the 3D-pro®le for A. Again, this 3D pro®le is converted to a 3D-PSSM in the same way as the 1D pro®les. It should be noted that in this example only three structures (A0, B0 and C0) are used in construction of the 3D-PSSM. In general, all members of a superfamily will be candidates for inclusion in the 3D-PSSM. The actual number of structures used for a given master will depend on the size of the superfamily, and how many superfamily members meet the requirements detailed in Materials and Methods.
These four types of information, 1D-PSSM, secondary structure, solvent accessibility and 3D-PSSM, are calculated for each structure in our library.
Query information
The query sequence is used to derive two additional sources of information. First, the query sequence is searched against the sequence database using PSI-Blast and a 1D-PSSM for the query is produced as described above, again to provide a more sensitive representation, on a per residue basis, of the sequence variation observed in the protein in question. Second, a secondary structure prediction for the query is made using PSI-Pred (1) Solvent accessibility per residue; (2) three-state secondary structure; (3) a 1D-pro®le of homologues to A0 (A1,A2) found using PSI-Blast; and (4) a 3D-pro®le from the multiple structural alignment of SCOP-derived structural homologues. For the query sequence, two further types of information are derived: (1) a 1D-pro®le of homologues found with PSI-Blast; and (2) a secondary structure prediction made using PSI-Pred. All of these types of information are combined in a three-pass dynamic programming algorithm, and the resulting score output. Dotted lines indicate the¯ow of information during bi-directional scoring, where a library sequence is matched to a query PSSM.
Enhanced Genome Annotation Using 3D-PSSM (Jones, 1999b) . PSI-Pred takes this 1D-PSSM as input and provides a three-state prediction, which was shown at the third meeting for the Critical Assessment of Protein Structure Prediction (CASP3) to have a Q3 of 77 % .
Scanning the database
The query sequence is aligned using a dynamic programming algorithm against each library entry using a three-pass approach. Each pass differs only in the PSSM used for sequence matching, with the same procedure for secondary structure matching and solvation potentials being used throughout. The query is ®rst aligned to the template using the 1D-PSSM of the library entry, then the 3D-PSSM and ®nally the process is reversed and the library sequence is aligned to the 1D-PSSM of the query (so-called bi-directional scoring). The highest scoring of these three passes is taken as the ®nal result.
Benchmark
The power of 3D-PSSM was evaluated in a cross-validated benchmark using a test set of SCOP-derived relationships undetectable by PSI-Blast. We have undertaken to exhaust, as thoroughly as possible, the capacity for PSI-Blast to detect a remote homology before deciding to regard it as``PSI-Blast undetectable''. This includes: (1) the storing of intermediate sequences that may be lost during multiple iterations of PSI-Blast. Often a homology may be detected at a particular iteration of PSI-Blast, only to be lost in further iterations (Park et al., 1998; Mu È ller et al., 1999) . (2) The use of so-called reverse PSI-Blast where the roles of query and target are reversed. Often a homology undetectable using the established method can be detected after reversal. The asymmetry of the PSI-Blast procedure is well known (Park et al., 1998; Koretke et al., 1999) and it is imperative that this is taken into account. (3) The acceptance as an assignment any structural hit found by PSI-Blast with a theoretical E-value <100. Such very low con®dence hits are permitted to ensure that under no circumstances could a PSI-Blast hit that we call undetectable be seen as à`m arginally'' detectable hit by others. After tests for PSI-Blast detectability, cross-validation and exclusion of problematic structures (see Materials and Methods), we were left with 136 test query sequences. For each of these queries, the only homologous sequences in our library are those that are essentially undetectable by PSI-Blast. An evaluation of the coverage and error rates of the method was performed (Park et al., 1998; Brenner et al., 1998) .
Results
Figure 2 plots the fraction of the 136 query sequences that identi®ed a correct homologue against the observed error rate per query for each match. Only one homologous relationship per query is counted in this analysis, as most of the 3D-PSSM library entries from a given superfamily will share a large number of their sequences with one another. If multiple homologous relationships per query are permitted, erroneously high levels of coverage can result, due to effectively counting the same homology multiple times (in fact we observe a 10 % improvement in the 3D-PSSM performance when using such a measure, and only a 3 % improvement with 1D-PSSMs; results not shown). For this reason, we use the``one-to-many'' measure of coverage (see Mu È ller et al., 1999) . Indeed, in a real world situation, one is only looking for a single high-con®dence match. If, for example, our library contained three proteins P,Q and R from the same superfamily, their respective 3D-PSSMs may be composed PQR, QPR and RPQ. If a query sequence X is closely homologous to sequence R, we would expect to achieve a highcon®dence match between X and each of the 3D-PSSMs, as each one contains sequence R. This would amount to counting the X-R homology three times. To avoid such overcounting, we restrict our measure to the ®rst such con®dent match, i.e. a one-to-many coverage measure. Figure 2 illustrates the cumulative increase in coverage observed upon the incorporation of the different components in the 3D-PSSM system. It is interesting to note the performance of the simplest example on the graph, where the only scoring component is the 1D pro®le. The pro®le being used here is exactly that used by PSI-Blast, yet we are able to make several assignments at low error rates, where PSI-Blast could make none. This is made possible by our use of a length-dependent dynamic programming algorithm, in which end gaps are penalised, and this in turn favours matches between a query and template of similar length. Conversely, as the difference in length between a query sequence and its most similar length library homologue increases, so too does the likelihood that such a match will not be con®-dently assigned. This is illustrated in Figure 3 .
Bi-directional scoring, solvation potential and 3D-PSSMs all provide comparable increases in coverage. With respect to the 3D-PSSMs, it is interesting to consider how the number of homologous structures used to derive the 3D pro®le affects its power in fold recognition. Different 3D-PSSMs in our library contain different numbers of homologous structures. This variation is due to (1) the actual number of such structures available in the data bank; and (2) the RMS with which a structure can be superimposed on the master structure for a pro®le. We consider those queries whose homologue was found with a 3D-PSSM within the top 20 hits. Figure 4 illustrates how the rank of these matches varies with the number of homologous structures used to derive the pro®le. It is clear that as more structures are included, we improve the ranking of our correct homology. Thus, as more structures are solved, we can expect the 3D-PSSM to become a more powerful representation of its protein superfamily.
The large contribution of secondary structure matching to overall coverage is primarily due to the accuracy of the predictions by PSI-Pred. Even small decreases in accuracy of the secondary structure prediction can lead to a relatively large fall in coverage. For example, when using DSC for secondary structure prediction with a Q3 accuracy of 70.1 % per residue (King & Sternberg, 1996) , secondary structure prediction does not improve overall coverage beyond sequence and solvation potential alone.
With respect to genome annotation, the most important region of Figure 2 corresponds to low error rates per query (<0.05) or equivalently, highly con®dent assignments (>95 %). Using the full 3D-PSSM system, where all components are included in the alignment scoring, 25 homologues are recognised out of a potential 136, amounting to 18 % coverage at high-con®dence (Table 1) .
At the same 95 % con®dence level, using just the 1D-PSSM and bi-directional scoring (i.e. sequence information alone), seven of these homologies are recognised. The added value of using 3D information can be assessed by a paired test. There are 19 queries that are recognised by the full 3D method but not by the sequence method, compared to just one query recognised by the sequence method but not by the full 3D method. This difference yields a w 2 value (with the Yates correction for low numbers) of 14.5, which is signi®cant at the 0.1 % level for one degree of freedom (Bland, 1987) . Thus it is possible to make signi®cant inroads into the``twilight zone'', and to make con®dent assignments where standard techniques based on sequence alone cannot.
It is in this high-con®dence region that fully automated genome assignment is applicable. Manual investigation coupled with expert knowledge would permit the evaluation of less signi®cant scores based on biological insight (such as in the CASP3 evaluation). This would increase the number of correct relationships found (it may be noted that 66 % of the homologies, 90 out of 136, occur between ranks 1 and 10, but not necessarily with con®dent scores). However, manual techniques are unfeasible with entire genomes, and a fully automatic procedure is required. Figure 2 . Graph illustrating the cumulative increase in detection of remote homologies with the progressive addition of sequence and structure information into the 3D-PSSM algorithm versus error rate per query. 1D refers to a 1D-PSSM derived from homologues found by PSI-Blast. Reverse 1D refers to the bi-directional scoring technique whereby a library sequence is aligned with a query PSSM. Solvent refers to the use of solvation potentials on a per residue basis. Secondary Structure refers to matching the assigned secondary structure of a library sequence with the predicted secondary structure of the query.
Enhanced Genome Annotation Using 3D-PSSM Example: ribonuclease H and retroviral integrase
As an example of the types of relationship detectable by 3D-PSSM, we present two members of the ribonuclease H-like motif superfamily: ribonuclease H itself (2rn2; Katayanagi et al., 1992) and the retroviral integrase (1vsd; Bujacz et al., 1996) . The structural relationship between these two proteins has been established both in terms of folding topology and in active-site geometry (Yang & Steitz, 1995) . In the absence of any previously detectable sequence homology, it was only after crystal structures were available that this relationship could be found. Even after four years of a rapidly growing sequence database, PSI-Blast is still unable to recognise the commonality of these two sequences. In contrast, 3D-PSSM can con®-dently recognise the relationship with an estimated con®dence of 99 %.
As noted by Yang & Steitz (1995) , despite the lack of close resemblance, the integrase and ribonuclease have remarkably similar active sites that consist of three highly conserved carboxylate groups that are required for catalytic activity. The integrase and ribonuclease share two of these carboxylate groups. As can be seen in Figure 5 , 3D-PSSM correctly aligns these residues. In contrast, without the 3D-PSSM structural pro®le, (but with all other scoring components) these active site residues are not equivalenced. The addition of accurately aligned remote homologues to the scoring pro®le increased the accuracy of the alignment of critical, conserved functional residues and such a feature is extremely valuable when building models and inferring function. It should be noted that there was, of course, no``tuning'' of the 3D-PSSM to generate such an alignment. The deviation of the 3D-PSSM alignment from the structural alignment in the C-terminal half of the sequences is caused by the relatively large insertion of a loop in 2rn2 between Gly77 and Val101 relative to the retroviral integrase.
Application to the unassigned regions of M. genitalium
We are primarily interested in the ability of 3D-PSSM to extend the range of existing fold recognition techniques. Accordingly, we examined the remaining 328 unassigned regions of M. genitalium (Teichmann et al., 1999) to evaluate performance on a real-world problem. M. genitalium has been extensively analysed by many groups (for a review, see Teichmann et al., 1999) , using both sequence and structure-based techniques. The open reading frame (ORF) regions that remain to be structurally or functionally assigned constitute a set of gene sequences that can be said to be genuinely dif®cult cases for fold recognition. The list of unassigned ORF regions using PSI-Blast was taken from Teichmann et al. (1999) and is available on the World Wide Web from http://bioinfo.mbb. yale.edu/genome/MG/ucd regs 17 5.fa Although these ORF regions were unassignable by PSI-Blast as the article by Teichmann et al. (1999) went to press, the subsequent increases in the size of both the sequence and structure databases means we cannot trust that this is still the case. Performing a thorough analysis by PSI-Blast using the methods of Mu È ller et al (1999) on the 328 regions permitted con®dent assignment of 55 regions ( Table 2 ). Many of these new assignments are due to the recent structure determination of sequences closely homologous to the``unassigned'' ORF region. Also, additions to the sequence database will permit PSI-Blast to detect more remote homologues. In addition to Teichmann et al., other groups have applied their fold recognition techniques to this set of ORF regions. Only eight of the 55 regions we assign by PSI-Blast have not been previously assigned by some other group (as listed in http://bioinfo.mbb.yale.edu/genome/MG/ mg domain comp pdbisl jones T98.txt). Of the 47 PSI-Blast assignments shared with other groups, all but one (MG125 40 285) agree at the level of superfamily.
All 328 ORF regions were also scanned against an enhanced library with 3D-PSSM (see Materials and Methods). A total of 44 of the 55 PSI-Blast assignments were also found at > 95 % con®-dence by 3D-PSSM (see Discussion for why 3D-PSSM missed some PSI-Blast hits). However, in addition to these shared assignments, 3D-PSSM was able to assign a further 23 regions with a high level of con®dence (Table 3) . Three of these 3D-PSSM assignments are to regions already assigned by other groups and are in agreement at the superfamily level. Four assignments can be made by PSI-Blast when run with slightly different parameters, and again agree at the superfamily level with other groups. Yet another three assignments are in disagreement at the superfamily level with other groups' predictions. The remaining 13 assignments are to ORF regions not assigned by Figure 4 . Graph illustrating the relationship between the best rank of a 3D-PSSM hit and the number of structures used to de®ne it. These points represent those cases where, of the three passes of dynamic programming, the 3D-PSSM scored the highest (over the 1D-PSSM or reversed 1D-PSSM). Enhanced Genome Annotation Using 3D-PSSM other groups. This is a substantial enhancement to the standard PSI-Blast approach. These 13 assignments were assessed subjectively using the valueadded information provided by the web server, including coloured alignment displays and rudimentary 3D alpha carbon models. Approximately one third of the predictions were accompanied by alignments that were plausible structurally and maintained a hydrophobic core. The other twothirds may well be correct, since recognition ability and alignment quality are not always correlated, although perhaps one or two will be incorrect at this con®dence level. We now discuss three examples of con®dent assignments made by 3D-PSSM.
ORF MG190: a potential flavoprotein
The region 207-361 of ORF MG190 has not been assigned structure or function by any other group. However, 3D-PSSM produces a match at highcon®dence to SCOP domain 5NUL (Ludwig et al., 1997) , a bacterial¯avodoxin involved in electron transport via a bound¯avin mononucleotide (FMN). The alignment and rudimentary model is shown in Figure 6 . The predicted secondary structure for this ORF region is in good agreement with that observed in 5NUL. The alignment results in a 3D model with an intact b sheet, with insertions located close to loop regions of the parent structure, except for an easily accommodated singleresidue insertion in strand 4. A deletion of three residues in the C-terminal helix can be accommodated easily. The template structure 5NUL binds the FMN cofactor in a pocket formed by the diverging C-terminal loops from strands 1, 3 and 4 with notable aromatic ring stacking contributions from Trp90 and Trp95 from loop 4. Other¯avodoxins use alternative aromatic residues from loops 3 or 4. Such aromatic residues are missing from our MG190 model, suggesting a different cofactor and/or binding mode for MG190 compared to 5NUL. It is interesting that another MG ORF (MG342), predicted by ourselves and others as ā avodoxin, also lacks these key aromatic residues. The WIT metabolic reconstruction resource (http://wit.mcs.anl.gov/WIT2) indicates that a number of bacterial genomes (including MG) are missing¯avodoxin components of one or more metabolic pathways. These two observations, coupled with the variations in cofactor binding of the structurally characterised¯avodoxins, suggest that MG190 and MG342 may represent new types of bacterial electron transport proteins.
ORFs MG087 (44-139) and MG249 (319-408)
MG087 (44-139) has a con®dent assignment to a nucleic acid binding protein 1AH9 (Sette et al., 1997) with an OB-fold architecture. The same assignment has been made by only one group (Rychlewski et al., 1998) and thus we present this prediction as a con®rmation of that work. In accordance with Bycroft et al. (1997) , many conserved hydrophobic residues and all three conserved structural determinants are present in the MG sequence, and are either aligned correctly or are within a short distance of the correct positions.
ORF MG249 has been assigned by others to contain a region similar to the s70 subunit of RNA polymerase from Escherichia coli. Region 319-408, which was previously unassigned, has a con®dent hit with 3D-PSSM to the winged helix-turn-helix DNA-binding protein 1LEB (Fogh et al., 1994) . The functions suggested by these homologies are clearly compatible. Furthermore, the 3D-PSSM alignment of region 319-408 to 1LEB preserves positively charged residues in the third helix that would be expected to interact with bases in the major groove of the DNA.
Discussion and Conclusions
The combination of our knowledge of protein structure from the growing structure database with the powerful techniques of sequence searching has long been an important aim of structural bioinformatics. The 3D-PSSM methodology succeeds in bridging the gap between these two sub-disciplines. 3D-PSSM is the ®rst contemporary method to explicitly use information from structural alignments to aid fold recognition. Johnson et al. (1993) described a similar approach using large numbers of position-speci®c environmental classes derived from structural superpositions. However, at that time their technique could not be tested in a large benchmark, due to the relatively small structural and sequence databases available. More recently, Panchenico et al. (1999) used the structural superposition of protein families in de®ning a conserved structural core. However, they did not use such information at the residue by residue level, and their method is computationally expensive and not applicable to analysis of entire genomes. 3D-PSSM takes approximately ®ve minutes on a single Silicon Graphics R10000 processor to scan a typical sequence against a database of 3000 domains (Note: this is the full database without cross-validation, and augmented with PDB structures not yet included in SCOP). In comparison, the method of Thiele et al. (1999) places prohibitively high demands on computer power (12 hours per sequence against a database of 887 domains). Computational power looks set to increase for the foreseeable future, but so too will the structural and sequence databases, most likely at an even faster rate.
A preliminary and simpli®ed version of 3D-PSSM was used in the CAFASP evaluation (Critical Assessment of Fully Automated Structure Prediction (Fischer et al., 1999) ). This version lacked solvent potentials, bi-directional scoring, used DSC (King & Sternberg, 1996) for secondary structure prediction (Q3 70.1 % per residue), an inferior method of 3D-PSSM generation, and had an Enhanced Genome Annotation Using 3D-PSSM incomplete structural library. In that assessment, 3D-PSSM performed comparably but not better than the fold recognition techniques applied by other groups. Since then there have been substantial improvements to the algorithm. The new method will be evaluated at CAFASP-2 scheduled to coincide with CASP-4. Two components are key in determining the power of a given 3D-PSSM: (1) the number of genuinely diverse sequences within a superfamily; and (2) the accuracy of the structural alignment, both at the pairwise level and at the level of the full multiple structural alignment. Point (1) is addressed by the efforts of many researchers to elucidate protein structures using physical techniques. The structure database is growing rapidly, and so therefore will the superfamilies. Figure 4 gives us some indicator of how such increasing structural knowledge will aid fold recognition. However, point (2) poses many dif®cult challenges. The concept of an``accurate structural alignment'' is not clearly de®ned. For a given pair of structurally homologous proteins, there is rarely an unambiguously correct alignment. Even when there is such a rare case, automatic determination of the alignment is far from trivial. We have used SAP in our work, but other equally powerful programs are available for structural alignment (e.g. DALI (Holm & Sander, 1998) , VAST (Madej et al., 1995) ). These programs are not expected to provide perfect alignments (especially in the absence of an agreed de®nition of perfect), but will very often ®nd an alignment that is close in quality to an expert's manual alignment. Furthermore, even assuming that we have criteria for an accurate pairwise alignment, and a technique to ®nd it, there still remains the problem of multiple structural alignment. In our work, we have opted for a hierarchical approach to multiple structure alignment, but this is, not a de®nitive solution to the problem. Manual intervention in the construction of the multiple alignment would probably lead to improvements in the power of 3D-PSSMs, but this is largely unfeasible when one considers the number of existing structures and the rate at which new structures are being solved. Recent work using a related technique (Mirny & Shakhnovich, 1999) to elucidate the location and nature of highly conserved residue patterns across protein families also relies on the accuracy of structural alignments.
The cross-validation procedure used reduces the coverage of homologous relationships markedly. It may well be expected that in a real-world example, performance of the method will be superior to that observed in the benchmark, as a``critical mass'' of diverse sequences are present in the pro®le, as opposed to a stripped-down version like that used during cross-validation.
Due to the problems of structural alignments coupled with the diversity of data used to derive a 3D-PSSM, techniques such as PSI-Blast must still be used initially in genome annotation; 3D-PSSM can then be used to extend the range of detectable homologies in a complementary way. Regarding the analysis of the remaining unassigned M. genitalium ORFs, not all of the assignments made by PSI-Blast were con®dently assigned by 3D-PSSM. A strong sequence signal, perhaps a motif highly conserved in close homologues, may be attenuated upon the inclusion of a large number of diverse sequences in a 3D-PSSM.
Approaches using hidden Markov models (HMMs) are becoming more widespread in the community as an alternative to PSI-Blast for detecting remote homologies. In addition to the analysis presented here, we have applied our benchmark to a straightforward HMM approach. Using the HMMER package (S.R. Eddy, 1998 ; http://hmmer.wustl.edu/), we built HMMs for each member of our fold library using the same multiple alignments as those used for our 1D-PSSMs. On the 136 test query sequences of our benchmark (which are undetectable with E-value <100 by PSI-Blast), HMMER was unable to detect any remote homologies (and produced one error). This con®rms that our benchmark is not composed simply of remote homologies peculiarly dif®cult for PSI-Blast, but are genuinely dif®cult targets for fold recognition in general. On such dif®cult homologous relationships, we would expect the performance of both HMMs and PSI-Blast to be largely comparable.
We have presented a method that has brought together many of the strategies of structure-based fold recognition, enhanced by the novel inclusion of accurately aligned remote homologues, and tied this to the most advanced multiple-sequence-based techniques. We have thoroughly benchmarked this procedure against the state-of-the-art in genome annotation, and proceeded to annotate a set of preTheoretical E-value: the E-value calculated by the 3D-PSSM algorithm. Empirical E-value: Empirically derived error per query value based on a linear ®t of empirical error rate (Errors per Query in Figure 2) to theoretical E-values as calculated by 3D-PSSM. Con®dence: 100 Â probability (p) of a match being correct where, (p) e À(Empirical E-value) . This relationship between con®dence and E-value is taken from Karlin & Altschul (1990) and http://www.ncbi.nlm.nih.gov/BLAST/tutorial/Altschul-1.html Class and Superfamily descriptions taken from SCOP 1.37. For a full list of the sequences corresponding to the query and template codes used here, see http://www.bmm.icnet.uk/supplementary/3dpssm Table 1A is divided into two parts: (1) error rate <5 %, corresponding to high-con®dence assignments applicable to genome annotation. (2) Error rate >5 %, rank <10, corresponding to assignments with lower con®dence but high enough rank to warrant further investigation when performing manually assisted fold recognition. B. For each query, the highest scoring (though statistically insigni®cant) template is shown. For a full list of query/template pairs, see http://www.bmm.icnet.uk/supplementary/3dpssm Enhanced Genome Annotation Using 3D-PSSM viously unassignable genes. All databases are automatically generated and updated, and there is no user-intervention at any stage.
The 3D-PSSM method is available to the community at http://www.bmm.icnet.uk/servers/ 3dpssm/, where a user may submit a query sequence to be scanned against our database. The server performs a secondary structure prediction, and permits interactive viewing of alignments, and automatically generated preliminary models.
The strategy described here is not intended to supplant existing powerful techniques for genome assignment. Instead, 3D-PSSM should be seen as another component in the battery of Table 2 . continued. An assignment is considered con®dent if: (1) the E-value is lower than 0.0005; and (2) the alignment overlaps more than 50 residues of the query region. 3D-PSSM assigns 44 of these same regions to the same superfamily above the 95 % con®dence level. ORF region, ORF identi®er start end. Qlen, length of the ORF region. PDB ID, Protein Data Bank identi®er, and chain name (if applicable). Tlen, length of PDB template sequence. PSI-Blast E-value, the ®nal iteration E-value from PSI-Blast for this match. Qstart, position of the ®rst aligned query residue in the PSI-Blast alignment: note, the numbering is within the context of the ORF region. Qend, as Qstart but for the end of the alignment. Sstart and Send, as Qstart and Qend but for the PDB template sequence.
Class and Superfamily, when an aligned region closely resembles domain boundaries as de®ned in SCOP, the SCOP descriptors are used. When a PDB sequence is not contained in SCOP, descriptors are taken from SCOP homologues based on either close sequence homology or structural homology (as de®ned by DALI). Where Class is de®ned as Not in SCOP, this means no clear evidence of the superfamily to which this PDB sequence belongs could be found using either DALI or sequence homology: * denotes MG regions not given any previous assignment by any other group according to http://bioinfo.mbb.yale.edu/genome/MG/mg domain comp pdbisl jones T98.txt X denotes an assignment that is not consistent with at least one assignment by a different group for the same region: ? indicates assignments for which no superfamily category can be found and thus no check for consistency across groups is possible. In the cases where 3D-PSSM does not ®nd a structural hit at >95 % con®dence but ®nds the same superfamily at rank 1, con®dence in the assignment is shown.
Enhanced Genome Annotation Using 3D-PSSM Table 1A . Column headings have the same meaning as in Table 2 . #, assignments that can be made by manual application of PSI-Blast, or slight alterations in PSI-Blast parameters. X indicates assignments that are not in agreement with other groups according to http://bioinfo.mbb.yale.edu/genome/ MG/mg domain comp pdbisl jones T98.txt A indicates assignments that have been made by another group to the same superfamily. Results shown here may not be reproducible through the public 3D-PSSM web server. The server uses a weekly updated sequence database, a ®lter to remove low-complexity regions, and more conservative PSI-Blast parameters than used here. At the time of writing, using the default settings on the server, four of the assignments are not reproducible [MG031 151 397, MG064 634 956, MG239 587 795, and MG363 1 57] . Web server results for the three examples discussed in the text have been stored and can be viewed at http://www.bmm.icnet.uk/servers/3dpssm/demo/MG/ techniques that will be required to get the most out of the rapidly increasing number of sequenced genomes.
Materials and Methods

Structural and sequence databases
Structural information was obtained from release 1.37 of the SCOP database (http://scop.mrc-lmb.cam.ac.uk/ scop/) (Murzin et al., 1995) . In SCOP, protein structural domains are grouped into folds with similar threedimensional structures and these folds then divided into superfamilies. All proteins in a superfamily are homologous, having diverged from a common ancestor. Proteins of the same fold type but from different superfamilies may be analogues that have converged to a common structure. The SCOP assignment is based on the expertise of the authors, who generally assign remote homology on the basis of conservation of function or of unusual structural features. Out of 11,847 SCOP domains, we excluded a number of problem entries, including poor-quality structures (e.g. X-ray resolution of >3.5 A Ê or unde®ned, etc.) and entries with residue numbering problems. This process of exclusion left us with 11,373 domains. Then a subset of these domains was generated so that no pair of protein domains shared >40 % identity. This left us with 1560 domains, which formed the known template library (SCOP-1560). These domains represent 555 SCOP superfamilies, of which 287 are represented by only a single domain in the library. The remaining 268 superfamilies are multiply represented by anything between two and 50 domains (in the case of the large immunoglobulin superfamily).
The benchmark for the recognition of remote homology was established by at random selecting one protein probe for each superfamily in the template library. A second member from the superfamily was then selected, provided it was not from the same family and was not related to the ®rst probe by a PSI-Blast score (ET) < 100. There were 656 proteins (before application of the criteria described below) for which there was at least one other protein in the SCOP-1560 library in the same superfamily (i.e. a homologue with <40 % identity).
A non-redundant protein sequence database (NRPROT) was generated by progressively taking sequences from the RCSB Protein Data Bank (Abola et al., 1997) , TREMBL-NEW, TREMBL, SWISSPROT-NEW, SWISSPROT (Bairoch & Apweiler, 1998) and PIR (Barker et al., 1998) but excluding any sequences with 100 % identity with any previously included sequence.
NRPROT was generated on 12 June 1998 and contained 276,289 entries.
1D-Profile generation
(1) Start with the sequence of the domain from the master protein (A0) of known structure in a superfamily.
(2) Search this master sequence against NRPROT using 20 iterations of PSI-Blast with an expectation for including a sequence in the iteration (H) of 0.0005 and a theoretical expectation value (ET) of a hit <0.0005. Note: PSI-Blast may ®nd and subsequently lose homologous sequences during the iteration process. For this reason, all intermediate sequences, i.e. all sequences found between the ®rst and last iteration, are stored and recombined at the end of the scan. In addition, we protect against``drifting'' of the PSI-Blast PSSM by monitoring the loss of closely homologous sequences from one iteration to the next. Parameters are dynamically altered if such drifting is detected, and this prevents PSI-Blast from iteratively incorporating more and more erroneous sequences.
(3) The alignment generated by PSI-Blast is used explicitly. In cases where many (>200) sequences are retrieved, a variety of criteria are used to reduce the alignment to something more manageable. Sequences are removed that: (a) contain X characters; (b) overlap less than 75 % of the query; (c) are >80 % identical with other sequences in the alignment.
(4) Using this multiple alignment, generate a 1D-PSSM using the method described for PSI-Blast.
(5) Repeat for all 1560 master proteins in the SCOP-1560 library.
3D-Profile generation
(1) Perform a 3D structural superposition using the SAP program (Orengo et al., 1992; Taylor & Orengo, 1989) between the master structure A0 and all other proteins within the same superfamily. Only structures that superpose with a weighted root-mean-square deviation <6.0 A Ê to the master structure are considered. Initially, the closest ®tting (lowest RMS) structure is added to the alignment (A0 and B0 for example). A search is performed for the next candidate alignment. The alignment with the lowest RMS to either A0 or B0 is then used. Similarly, the resultant multiple structural alignment is built in a hierarchical fashion, progressively adding alignments that are closest to an existing member of the alignment. This ensures that at all times we are augmenting the alignment with the most con®dent available structural alignment. Only residues with an SAP equivalence score >0 are considered in the alignment. The program SAP was obtained from http://www.nimr.mrc.ac.uk/ $ mathbio (2) Use the residue equivalences from the structural alignment to augment the 1D-pro®le of A0 with 1D-pro®les from B0, C0 . . . . Note that this is at a residue by residue level. This yields a pro®le with sequences (A0, A1, A2, . . . AnA, B0, B1, B2, . . . BnB, C0, C1,C2, . . . CnC).
(3) Repeat for each master protein in the SCOP-1560 library.
Cross-validation and removing easy matches
For each of the 656 probes generate a test library of 3D-PSSMs.
(1) If probe P0 is included in the pro®le, remove sequences P0,P1 . . . PnP.
(2) Create a list of homologies that can be identi®ed by PSI-Blast with an expectation value less than 100, with 20 iterations. The scan is also performed in the reverse direction with each library homologue being used as a query. Remove from the 3D-pro®le the 1D-pro®les of any master sequence that would be identi®ed. This procedure focuses the evaluation of our approach on targets that would not readily be found by PSI-Blast.
(3) Remove any probe that did not have at least one homologue in a 3D-pro®le (as opposed to a 1D-pro®le) as using this probe would not evaluate the approach.
(4) Steps (i) to (iii) led to 136 probes for which there was an homology to a protein with a 3D-pro®le and for which this homology could not con®dently be identi®ed by PSI-Blast.
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Secondary structure matching
For each library entry, a three-state secondary structure assignment (coil, helix, strand) was made on a per residue basis using STRIDE (Frishman & Argos, 1995) . The three states were formed by the following grouping: (3 10 helices with a helices), (bridges with b-strands), (turns and p-helices with coil). Query sequences had their secondary structures predicted by PSI-Pred (Q3 77 %) (Jones, 1999a,b) . A simple scoring function for matching secondary structure types between two residues was implemented, where matching identical secondary structure types gives a score of 1, and otherwise À1.
Solvation potential
Solvation potential was modelled using the approach of Jones et al. (1992) . The potential is a term for scoring the preference of an amino acid to occupy a speci®c structure position with a given exposure. This pseudopotential is derived from the SCOP-1560 set of representative protein structures by setting the frequency of the occurrence of an amino acid type with a speci®c degree of residue burial in relation to the occurrence of all other amino acid types with this degree of burial. The degree of burial of a residue is de®ned as the ratio between its solvent-accessible surface area (as calculated by DSSP; Kabsch & Sander, 1983) and its overall surface area: 21 bins in 5 % accessibility increments are used, ranging from 0 % (buried) to 100 % (exposed). The coarseness of this potential means cross-validation is unnecessary.
Bi-directional scoring
It is known that matching a query sequence to a template PSSM is not the same as matching a template sequence with a query PSSM. Often homologies can be detected in one direction and not in the other. To account for this, each query sequence is scanned against the sequence library using PSI-Blast. A 1D-pro®le was generated in exactly the same way as the 1D-pro®les were generated for the library sequences.
Searching the probe against the 3D-PSSM library
For each probe, the SCOP-1560 3D-PSSM library is scanned using the global dynamic programming algorithm that was developed for our fold recognition algorithm FOLDFIT (Russell et al., 1998a,b) . The score for a match between a residue in the probe and a residue in the library sequence is calculated as the sum of the secondary structure, solvation potential and PSSM scores. Three passes of dynamic programming are performed for each query-library sequence match. Each pass differs in the PSSM used for the scoring, with secondary structure and solvation being held constant.
Pass 1: Library sequence is matched to the query PSSM.
Pass 2: Query sequence is matched to the library 1D-PSSM.
Pass 3: Query sequence is matched to the library 3D-PSSM.
The ®nal score is simply the maximum of the scores from the three passes. An af®ne gap penalty of 10 to open and 1 per gap extension was used based on preliminary trials. End gaps were also penalised.
The signi®cance of a match was evaluated by ®tting a linear relationship between log(number of hits up to a score) against log(total score). Only the top end of the distribution was used and the possibility of the correct hit contributing to the tail of the distribution considered by removing the top scoring hit and all consecutive entries belonging to the same superfamily. The top end of the distribution is de®ned using a penalty function algorithm as described (Kelley et al., 1996) . The probability of obtaining a match with that score by chance was converted to a theoretical error rate per query (ET).
Evaluation followed the approached used by Park et al. (1998) . The results for 136 probes were pooled and ordered in increasing error rate per query (ET). At a given ET value, the cumulative number of probes correctly assigned to a true homologue divided by the total number of probes gave the coverage. For this ET value, the observed error rate per query was the cumulative number of incorrect assignments of a probe to a superfamily divided by the number of queries (136). In this evaluation, only the ®rst match to a member of a superfamily was considered in evaluating errors and correct matches. This is necessary, as the 3D-PSSM contains information from several superfamily members in the same template.
Application to M. genitalium
For application to real genomes, as opposed to benchmarking, a full database of 3D-PSSMs was generated without cross-validation. In addition, many PDB structures have been elucidated since the release of SCOP 1.37. To ensure we were using the most current fold library, all PDB sequences (July 1999) were scanned against our library using PSI-Blast. Any PDB sequences found not to be closely homologous to an existing library entry (E-value <0.0001 and <40 % identity) were added to our library as 1D-PSSMs. Similarly, multi-domain whole chain entries were added to the library where they were represented only as single SCOP domains in the original benchmark library. The library contains a total of 2986 domains and PDB chains. (3D-PSSMs are not generated for structures not yet classi®ed in SCOP.)
All 328 unassigned MG ORFs were scanned against the sequence database using PSI-Blast to generate PSSMs for the query, and to perform a PSI-Pred secondary structure prediction.
Parameter optimisation
We have experimented with a variety of parameters that alter the effectiveness of the 3D-PSSMs. The number of these parameters and the computational burden of sampling their effectiveness have prohibited us from performing an exhaustive search of the parameter space. We have investigated: (a) The effect of altering the relative contribution of the BLOSUM62 and multiple alignment information to the 3D-PSSM. (b) The selection criteria for SAP residue equivalence scores, i.e. how strong a SAP equivalence must be in order to contribute to the 3D-PSSM multiple alignment. (c) The weighted RMS score a superfamily structure must have to its master protein in order to qualify for inclusion in the 3D-PSSM. (d) The effect of deriving the 3D-PSSM at the superfamily and fold level.
Only minor differences in 3D-PSSM effectiveness were found by altering these parameters, and the ®nal methodology presented here re¯ects the values that were found to be (marginally) most effective.
